Using data from the recent BioSAR 2007 and BioSAR 2010 campaigns, it has for the first time been possible to measure forest biomass change using P-band SAR data. Regression models based on backscatter change have been developed using reference data derived from high density laser scanning data. The models were evaluated for six areas with detailed in-situ measurements, for which the maximum biomass loss and growth was 30% and 20%, respectively. For the best model the coefficients of determination was 55-89%. This result suggests that not only clear cuts but also forest growth and thinning can be measured using P-band SAR backscatter.
INTRODUCTION
A very promising method for monitoring of forest biomass change is by means of low frequency Synthetic Aperture Radar (SAR). Strong sensitivity between L-and P-band backscatter and biomass have been found in numerous studies (e.g. [6] ), with highest sensitivity for P-band. However, the literature on measurements of forest change is scarce. Exceptions for L-band include [1] and [3] , but to the authors knowledge no studies using experimental P-band data for measurement of forest change have been made.
In this paper we present the first measurements of biomass change based on P-band SAR data. The analysis is based on data from the recent BioSAR 2007 and BioSAR 2010 campaigns, launched in support of the proposed ESA Earth explorer mission BIOMASS. Regression models based on change in backscatter are developed, as well as a method to correct for changes in backscatter caused by changes in moisture and radiometric calibration uncertainty. The results suggest that not only clear cuts but also forest growth and thinning can be measured using P-band backscatter. An extended analysis is presented in [5] .
DATA DESCRIPTION
The data used in this paper were collected within two experimental campaigns, BioSAR 2007 and BioSAR 2010, both funded by the European Space Agency (ESA). Both campaigns were conducted in Remningstorp in southern Sweden. Complete campaign descriptions can be found in [2] and [4] for BioSAR 2007 and in [7] for BioSAR 2010. A brief summary of the data is given below.
In-situ data
Two different types of in-situ measurements have been used in this paper. The first is a set of seven 80 m by 80 m squares. For these squares measurements were made on all trees with a diameter greater than 5 cm in both 2006-2007 and 2010-2011. A summary of plot level data for six of the seven squares is given in Table 1 . The seventh square was not included in the analysis since it was not covered by all SAR images.
The other type of in-situ data are systematic grids of measurement plots. In 2004-2005 measurements were made for a dense grid covering the central part of Remningstorp. In 2010, a sparser grid covering the full test site was used. For the latter grid, both biomass and stem volume were estimated for each plot, while for the former only stem volume estimates were made. Due to a storm event between 2004 and 2007, Remningstorp was affected by storm damage. After the storm event, wind felled trees in the central part of the site were located and their positions were measured using GPS.
Biomass maps
High density laser scanning data were collected both 2007 and 2010 using the helicopter borne system TopEye. In 2007 data were collected from the central part of the site while in 2010 the full site was covered. The laser scanning The biomass the maps were filtered and downsampled to obtain a resolution of 50 m by 50 m. Areas overlapping with the 80 m by 80 m squares were removed. Biomass change maps were then obtained through differentiation of the maps. This approach gives higher errors than direct change estimates [1] , but a direct approach could not be used due to a lack of in-situ reference data suitable for model training.
SAR data
In BioSAR 2007 L-and P-band SAR data were collected using the German system ESAR, owned and operated by the German Aerospace Center (DLR). Images were acquired on three occasions: The calibrated images were corrected for variations due to incidence angle according to 0 = 0 i ), where i is 0 is the average radar cross section per unit ground area. For convenience, 0 will hereafter be referred to as backscatter. Backscatter maps matching the geometry of the biomass maps were created by filtering and re-sampling of the full resolution backscatter images.
In order to reduce effects of e.g. incident angle and topography, the analysis was restricted to pairwise image comparisons for images with the same image geometry. When repeat measurements (i.e. images from the same date and flight track) were available, only one of these was chosen for analysis.
METHOD
The biomass estimation method proposed in this paper consists of two parts. First backscatter offsets caused by changes in environmental conditions and calibration uncertainties are corrected. Then the offset-corrected backscatter is used to build regression models for biomass change estimation.
Offset correction method
Variations in backscatter are not only caused by changes in biomass. Environmental effects such as soil and stem moisture, as well as calibration uncertainty, also influence the backscatter. Thus, it is unlikely that a zero change in biomass directly corresponds to a zero change in backscatter. Indeed, for the data used in this paper the backscatter change corresponding to unchanged biomass (i.e. the backscatter offset) is up to 2.7 dB for HH and VV and up to 2 dB for HV.
However, it has been observed the HH-VV backscatter ratio is less susceptible to changes in moisture than any of the linearly polarized backscatter combinations, at least in boreal forest. Moreover, the ratio will be less sensitive to calibration offsets between two images as long as the offset is similar for HH and VV. Furthermore, for the data used in this paper the HH-VV ratio is sensitive to change in biomass, albeit weakly so. Thus, areas with near-zero change in HH-VV ratio are areas for which the change in biomass is low, which leads us to propose the following offset correction method: 1) Select areas for which the absolute change in HH-VV ratio, on dB scale, is smaller than a threshold value. 2) Calculate the mean backscatter level for the selected areas for each polarization and both images in an image pair.
3) For each polarization, force the mean backscatter level for the selected areas in both images to be equal by applying a correction factor to each image.
Model selection
After offset correction, the most suitable choice of estimation function needs to be determined. A general description of the biomass change estimation functions investigated in this paper is given by (1), where y is biomass change measured as a difference on log (natural logarithm), square root or linear scale. x is backscatter change, measured as a difference in amplitude, power or decibel (dB), for polarization PQ, and , i = 0,1, . . . ,8, are regression coefficients.
s For each choice of y and x the best choice of regression parameters was determined. This was done through a separation of data into disjoint training and validation sets. 500 random selections of training and validation areas were made for each choice of y. For each selection of training areas and each image pair, regression coefficients were estimated for all sub-models of (1) with up to 5 non-zero regression coefficients. Models trained on one image pair were then applied to all image pairs (including the one used for training), giving 36 combination of training-evaluation image pairs. For each such pair the mean squared difference (msd) and bias were calculated for the selected validation areas. In addition, bias and mean squared error (mse) was calculated for the 80 m by 80 m squares. The usage of the notation msd instead of mse for the biomass change estimates based on laser scanning data reflects the fact that these estimates may contain large errors.
RESULTS
The results are organized as follows. First, an evaluation of the offset correction method is presented. Then the results of the model selection are presented, and the selected models are evaluated using the 80 m by 80 m squares. Finally, the selected models are used to create biomass maps for the central part of Remningstorp, which are compared to maps based on laser scanning data.
Offset correction method
The offset correction method was evaluated by estimating offsets before and after offset correction. In the evaluation the offsets were estimated as mean backscatter differences for areas with little change in biomass. Such areas were selected based on the biomass maps based on laser data. Different thresholds for the HH-VV ratio were tested: 0.5, 1.0 and 2.0 dB. Without correction, the offset is up to 2.7 dB, which is reduced to a negligible 0.2 dB using a threshold of 2.0 dB. The performance is only weakly sensitive to the choice of threshold; the residual offset is at most 0.6 dB for all listed threshold values.
Model selection
Model performance was evaluated by studying mean square differences and bias for the 50 m by 50 m cells in the biomass change map, grouped by biomass change class. Mean squared errors for the 80 m by 80 m squares were also studied. Based on these data, no unambiguous selection of a "best" prediction model could be made, since many models show similar performance. Nonetheless, some general conclusion can be made. The single most informative predictor is change in HV backscatter. Adding additional predictors give lower estimation errors, but the decrease in error obtained by including more than two predictors does not justify the increased model complexity.
For the log and square root models the lowest errors were obtained by measuring backscatter change on decibel (dB) scale. For the linear model, backscatter change measured on dB or amplitude scale yields similar results, but the amplitude model gave lower estimation errors for the 80 m by 80 m squares as well as smaller estimation bias for areas with high growth.
One model for each biomass change scale was selected for further analysis of estimation performance. For the linear and square root models, HV and VV were used as predictors. For the log model the choice of a second predictor, to complement HV, was less straightforward. Models with a square term ranked among the models with lowest errors, which are explained by a slightly non-linear relation between biomass change and backscatter change. However, the model with HV and HH and no square terms gave was selected since it gave lower estimation bias for high loss and high growth areas.
Model evaluation
The selected models were applied on the six 80 m by 80 m squares with in-situ measurements for each image pair. For these squares the maximum biomass loss was about 30% (due to thinning) and the maximum biomass growth was about 20%.
Coefficients of determination (R 2 ) was calculated for every image pair and biomass change scale for the estimates based on P-band backscatter, and are shown in Table 2 . R 2 based on laser scanning data are also shown in the table. R 2 was calculated using the formula R = 1 ( ) / ( ) , where are change estimates, are reference change measurements and the bar denotes sample mean. Best results were obtained using the linear model, with a best case R 2 of 89%. The R 2 for the log model varies greatly across images, and in the worst case the estimation errors are larger than for a constant model with correct mean (negative R 2 ). A somewhat surprising result is that the radar gives higher R 2 than the laser in all but one case. Although partially explained by a non-optimum use of laser data, this result indicates the strong potential for low error biomass change estimation using P-band SAR.
Biomass maps
Biomass change maps created using the log and linear models are shown in Figure 1 for one image pair (see figure caption). Other image pairs give similar results, as does the square root model. There is a generally good agreement between the change maps based on laser scanning data and those based on P-band data. In areas where the change maps based on laser and P-band data disagree, it is presently unsettled which of the two maps that gives the best estimate.
Both loss regions and growth regions are clearly seen in the change maps. Small scale features such as variability within the large central clear cut are also seen. It should be stressed that the change maps based on laser data contain errors. In areas where the change maps based on laser and P-band data disagree, it is presently unsettled which of the two maps that gives the best estimate. The interpretation of the biomass maps is facilitated by the overlaid 80 m by 80 m squares. For example, the square in the center of the map was thinned between 2007 and 2010. Both the laser and the radar correctly indicate biomass loss, and it can be seen that the square is part of a larger thinned area.
DISCUSSION AND CONCLUSIONS
For the first time, experimental P-band SAR data have been used to estimate changes in forest biomass. Using reference data derived from laser scanning data, regression models for estimation of biomass change based on P-band backscatter were developed. The models were evaluated for six areas with detailed in-situ measurements, for which the maximum biomass loss and growth was 30% and 20%, respectively. For the best model the coefficients of determination was 55-89%. This result suggests that not only clear cuts but also forest growth and thinning can be measured using P-band SAR backscatter.
A method for correction of backscatter change caused by environmental effect (e.g. moisture changes) and radiometric calibration uncertainty was also developed. The method is based on the HH-VV backscatter ratio. Without correction, a backscatter change of at most 2.7 dB was measured for areas with little change in biomass. The correction method was able to reduce this offset to a negligible 0.2 dB.
The results in this paper indicates a strong potential for biomass change estimation using P-band SAR backscatter. However, it should be stressed that the results are based on a single test site for a single change period. Although we believe that similar results can be produced in other areas, it is apparent that more data like those from the successful BioSAR 2007 and BioSAR 2010 campaigns are needed to confirm this belief.
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